ABSTRACT In recent years, a large number of researchers are endeavoring to develop wireless sensing and related applications as Wi-Fi devices become ubiquitous. As a significant research branch, gesture recognition has become one of the research hotspots. In this paper, we propose WiCatch, a novel device free gesture recognition system which utilizes the channel state information to recognize the motion of hands. First of all, with the aim of catching the weak signals reflected from hands, a novel data fusion-based interference elimination algorithm is proposed to diminish the interference caused by signals reflected from stationary objects and the direct signal from transmitter to receiver. Second, the system catches the signals reflected from moving hands and rebuilds the motion locus of the gesture by constructing the virtual antenna array based on signal samples in time domain. Finally, we adopt support vector machines to complete the classification. The extensive experimental results demonstrate that the WiCatch can achieves a recognition accuracy over 0.96. Furthermore, the WiCatch can be applied to two-hand gesture recognition and reach a recognition accuracy of 0.95.
I. INTRODUCTION
As one of the core technologies in human-computer interaction, the gesture recognition has become a research hotspot with the development of virtual reality (VR) and smart home. In particular, the device free gesture recognition technology contains a huge application market which attracts a large number of researchers to push. Device free gesture recognition systems complete the recognition without any additional equipment such like cameras or sensors, which will trigger great changes in human-computer interaction.
The previous works are mainly based on camera [1] , [2] , wearable sensors [3] , [4] or some special equipment such like RF-Capture [5] , which uses a chirp generator to transmit frequency modulation continuous wave (FMCW) signal and T-type array antennas to complete the signal reception. Comparing to these systems, the wireless sensing based gesture recognition systems have a greater potential which complete the recognition without any additional equipment.
For example, some systems establish the relationship between the fluctuation of received signal strength (RSS) and the human motion to complete indoor passive localization [6] , activity recognition [7] - [9] and gesture recognition [10] .
At present, researchers use the fine-grained channel state information (CSI) obtained from the physical layer to replace RSS. Combining with the correlated model, the quality of wireless sensing has been improved greatly. Benefitting from Orthogonal Frequency Division Multiplexing (OFDM) modulation system, the CSI extracted from the pilot signals depicts not only the amplitude attenuation, but also the propagation delay through the phase accumulation. This characteristic makes it more robust against complex indoor environment. Based on CSI, not only can we use the amplitude information on each subcarrier to construct a more precise model for achieving comprehensive perception of the channel, but also combine with the phase to obtain some more in-depth information such like angle of arrive(AoA) [11] or time of flight(ToF) [12] , [13] . This information can be used for indoor localization [14] - [16] , activity detection [17] - [19] and gesture recognition [20] , [21] .
In this paper, we present WiCatch, a gesture recognition system based on CSI which is collected from commercial wireless devices. The system completes the recognition without any additional equipment or wearable sensors that reduces the cost of the system greatly. Specifically, we propose a novel algorithm to eliminate the interference caused by signals reflected from stationary objects and the direct signal travels from transmitter to receiver during the gesture completion process. Furthermore, the system fully exploits the phase information brought by CSI. It virtualizes the moving hand as an antenna array to extra the spectrum which describes the gesture and finally completes the recognition with the SVM classifier.
Different from the previous systems which struggle to establish the mapping relationship between the fluctuation of CSI and the gestures, WiCatch combines the phase of signal with virtual antenna array to rebuild the trajectory of moving hand. The main contributions of this paper are summarized as follows.
1. In this paper, a novel algorithm is proposed to diminish the interference caused by signals reflected from static objects and the direct signal from the transmitter to the receiver, which enables WiCatch to detect weak signals reflected from the hand in complex electromagnetic environment.
2. Unlike the previous works, WiCatch treats the received consecutive time samples as spatial samples to emulate an antenna array which is utilized to track the moving hand. By constructing the virtual array, the effective aperture of the array is increased, which enhances the estimation resolution significantly.
3. To the best of our knowledge, WiCatch is the first system which can rebuild the moving trajectories of two hands and complete the two-hand gesture recognition. Through a large number of experiments, it is proved that the WiCatch can obtain a recognition accuracy of 0.96 for two-hand gestures with less impact on communication links.
The rest of this paper is organized as follows. We survey some related works about device based and device free gesture recognition systems in Section II. The detail of the proposed steps of interference elimination and motion trajectory reconstruction is presented in Section III. The extensive experiments and evaluation are shown in Section IV. Finally, in Section V we conclude the paper and provide some future research directions.
II. RELATED WORK
In this section, we will introduce some existing gesture recognition systems and make a brief summary of their superiority and weakness.
A. DEVICE BASED SYSTEMS
As we know, most recognition systems often employ additional equipment to complete the recognition of different gestures. Usually, these systems need to be equipped with sensors, camera, smartphone or more expensive equipment such as USRP [22] .
Combining with the Kinect and the proposed MLBP (modified local binary pattern) algorithm [23] , the system designed by Kwangtaek et al can achieve a recognition accuracy of 0.99 for 3D gestures. Another camera based system completes the recognition through a trained random forests (RFs) classifier and the image caught by the single depth imaging sensor [24] . Then, based on the built mapping relationship between gestures and control commands, the users can control the smart home applications such like TV, air conditioner and radio. This system can achieve an average recognition accuracy of 0.98 between 4 single-hand gestures. However, the systems based on camera may not be accessible in every scenario such like restroom where the privacy is the first priority. Furthermore, such systems have a poor performance when lighting is weak.
The system FDSVM [25] employs a 3-dimensional accelerometer to complete recognition. In the userindependent case, this system obtains a recognition accuracy of 0.98 for 4 gestures and 0.89 for 12 gestures. Another wearable device based system uWave [26] performs the recognition with the data from a single three-axis accelerator. uWave achieves average accuracy of 0.98 and 0.93 between 8 gestures with and without template adaptation respectively. Harrison et al. [27] design Skinput by leveraging the mechanical vibrations which propagate through the body. Based on a novel array of sensors, Skinput can reach an average accuracy of 0.88 in different conditions. This kind of systems avoid the problems of privacy and light-dependence, but they require the user to wear sensors such as accelerometers and gyroscopes to complete recognition, which increases the cost of the system greatly.
The systems based on Soft Defined Radio (SDR) devices never require users to be equipped with any sensors while provide a high accuracy. For example, WISEE [28] can achieve a recognition accuracy of 0.94 between 9 gestures by leveraging the Doppler effects caused by different gestures. This kind of systems built on special hardware can reach a satisfactory recognition accuracy, but result in a bulky device and high equipment costs.
All of these systems contain some weakness which make it hard to be further popularized, though most of them can achieve an impressive estimation accuracy.
B. DEVICE FREE SYSTEMS
Comparing to the above systems, device free systems work without any special equipment. Such systems are mainly based on RSS [10] and CSI [20] , [21] , [29] .
Comparing with RSS, CSI measured from multiple subcarriers contains more fine-grained information that makes it more suitable to be applied for gesture recognition. The system WiGeR [20] 7 gestures in 6 scenarios. Another CSI based system WiG [21] can achieve a recognition accuracy of 0.92 and 0.88 in lineof-sight (LOS) and non-line of sight (NLOS) respectively. By leveraging the fact that peaks and troughs in the amplitude of the received signal caused by the gesture are unique, Nandakumar designs system Allsee [29] . This system can reach a recognition accuracy of 0.91 with the amplitude of CSI when distinguishing 4 gestures from 6 individuals In general, the systems with additional equipment suffer from the problems, like cost and privacy. The existing device free systems overcome these above problems, but they don't consider the two-hand gesture recognition. However, the WiCatch completes recognition by utilizing the CSI obtained from off-the-shelf Wi-Fi device [31] , which avoids the problem of cost and privacy. Furthermore, our system utilizes the received consecutive time samples to build the virtual antenna array, that enables it to perform moving trajectories reconstruction of two hands and complete the gesture recognition.
III. SYSTEM DESIGN A. OVERVIEW OF WICATCH
WiCatch is a device-free system that can recognize the hand gestures using ubiquitous off-the-shelf Wi-Fi devices. The system consists of a transmitter with one antenna and a receiver equipped with two antennas. By processing the signal caught by the receiver, the system can rebuild the moving trajectories of multiple hands by estimating their relative movement and finally accomplish the hand gesture recognition.
The main challenges for WiCatch are the interference elimination and the moving hands tracking in a complex indoor environment. In order to address these challenges, we fuse the received data from two antennas to remove the interference. After that, signals reflected from moving hands are captured to estimate moving trajectories. Finally, a trained SVM classifier is applied to complete recognition. The structure of the system is shown in Fig.1 .
B. THE CHANNEL STATE INFORMATION
The impact of the propagation medium on the signal includes two aspects: the power attenuation and propagation delay.
If there are I propagation paths, each of them experiences the attenuation α i and travels τ i to reach the receiver. Then, the channel impulse response (CIR) f (t) can be denoted as
Through Fast Fourier Transform (FFT), the CIR can be converted into channel frequency response (CFR) and CSI is the sample version of CFR [30] .
Therefore, the signal power attenuation and phase shift caused by channel are recorded in CSI which is employed to eliminate the interference.
C. INTERFERENCE ELIMINATION
In a complex indoor environment, the signals that cause the interference are divided into two types. The first one is the signal that travels from transmitter to the receiver directly whose power is strong, because the transmitter and the receiver are placed very close. The other one is the signals reflected from different static objects such as walls, doors and even furniture. There is a large number of such reflected signals mixed with coherent signals. Unfortunately, the signals reflected from hands are much weaker due to the smaller reflection area and reflection coefficient. Therefore, the interference caused by these two types of signals needs to be diminished before trajectory reconstruction. In this paper, we propose a novel algorithm that fuses the data from two receiving antennas to achieve elimination.
The Multiple-Input Multiple-Output (MIMO) technology has been developed rapidly, which not only boosts the quality of communication greatly but also improves the channel capacity. Past works employ pre-coding to eliminate the interference between different transmit and receive pairs when working concurrently. In this paper, we convert this idea into our system to complete the interference elimination. First, the transmitter sends a known preamble x and the first receiving antenna receives c 1 x, in which c 1 denotes the channel between transmitter and the first receiving antenna. Second, receiver uses c 1 x to obtainĉ 1 which is an estimation of c 1 and reported by the Wi-Fi card as a CSI value [31] . Then, we complete the same operation to the second receiving antenna to getĉ 2 . Next, these two values are used to compute the ratio R =ĉ 1 /ĉ 2 . Finally, two receiving antennas work concurrently and we fuse the data from these two receiving antennas through
In this way, the interference elimination is achieved. In an ideal case, when the environment remains stable, c res should equal to zero. If a new target appears or an object begins to move in the detection area, the impact on channel will be recorded in c res . However, the actual indoor environment is quite complex, so the obtained c res would contain residual errors which will affect the subsequent detection seriously. Therefore, the data from multiple packets is used to correctĉ 1 andĉ 2 iteratively to obtain a more accurate estimation of c res . Specifically, by assuming thatĉ 2 = c 2 , a better estimation of c 1 can be obtainedĉ
Similarly, assumeĉ 1 = c 1 and a more trustworthy estimation of c 2 can be obtained
Based on this, the multiple sets of data which characterize the channel between transmitter and receiver can be used to get a better estimation of c 1 and c 2 . After iterative correction, a better ratio R =ĉ 1 /ĉ 2 can be attained. Thus, the c res that details the changes in channel can be obtained
D. ERROR ANALYSIS AND ELIMINATION
The commercial Wi-Fi equipment is designed to meet the requirement of communication instead of gesture recognition. Therefore, the data collected from commercial Wi-Fi device contains some error which will affect the interference elimination and gesture trajectory reconstruction seriously.
In order to obtain a desired estimation accuracy, the errors need to be analyzed and eliminated.
1) THE SOURCE OF ERRORS IN CSI VALUE
In a wireless communication system based on the 802.11n protocol, the channel estimation is accomplished in the OFDM receiver as Fig.2 illustrates. As shown in the picture, the signal received from the RF is down converted into the baseband signal s (t) at first. Second, the cyclic prefix (CP) is removed after AD sampling. Then, the receiver computes the channel estimation after serial to parallel conversion and FFT. During this process stage, the non-synchronization of the transceiver pair and the imperfection of hardware result in carrier frequency offset, sampling frequency offset, etc. Within a certain range, these errors never reduce the quality of communication [32] , but they are fatal for the phase of the CSI which is utilized to complete the detection.
a: SAMPLE FREQUENCY OFFSET
SFO is caused by the non-synchronization of transceiver pair. This would cause a time shift in received signal relative to the transmitted signal. This time shift will lead to an error in phase of CSI. For different subcarriers, this error is related to its ID which is the sequence number of subcarrier [33] .
As the local oscillator remains stable in a short period of time, the phase error in CSI caused by SFO is treated as a constant in our system.
b: SYMBOL TIME OFFSET
The receiver detects the packet through correlation operation and signal power judgment [34] . Due to the imperfection of hardware, this process introduces a random time shift called STO, which results in another offset to the phase of CSI. Similar to the error caused by SFO, the phase offset caused by STO is also related to the ID of subcarrier [33] .
c: CENTRAL FREQUENCY OFFSET
CFO is caused by the fact that the central frequency of transceiver is not synchronized [35] . At the receiver, the system completes the CFO estimation and compensation by using the cyclic prefix(CP) and pilot signals. But, due to the instability of hardware, the frequency offset cannot be fixed fully and the residual shift will cause a non-negligible error in the phase of CSI.
2) ERROR ELIMINATION
Besides the errors discussed above, there are some other errors emerged during the signal processing stage, which may only affect the amplitude of the CSI or the phase of the CSI so slightly that they can be ignored comparing with STO and CFO. Thus, the construction of error model mainly considers SFO, CFO and STO. Based on the discussion above, the phase of received signal can be expressed as
where θ k and θ k denote the measured phase and the real phase of kth subcarrier respectively. Meanwhile, N represents the number of subcarriers, 1 ϕ is the phase shift caused by STO and SFO, and ε refers to the error due to CFO. As can be seen from (7), the phase error 2π N kϕ + ε is a linear function of the ID of subcarrier. Thereby, the error can be eliminated through estimating the slope and intercept of the phase from different subcarriers if the IDs of the measured subcarriers are fixed. Suppose the phase value of the n(n ≤ N ) subcarriers are measured 2 and the IDs of subcarriers are an increasing sequence k j n j=1
, then the estimated slope of measured phase can be expressed as
and the estimated intercept is
As shown in the result, the estimated a and b are not the real slope and intercept of the error. However, the estimated values can be used for error elimination because they contain the real phase error ϕ and ε. Thereby, after removing the linear error from measurements, the processed phase value can be obtained
As shown in the above formula, the error ε has been eliminated, but ϕ still exists. According to the 802.11n protocol and the toolkit [31] , the IDs of measured subcarriers are positive and negative symmetry, that is n i=1 k i = 0. Thus, the formula (10) can be transformed into
It can be seen that the final phases of CSI no longer contain the errors except the linear combination of the real phases. Therefore, the processed CSI can be used to distinguish different channels and monitor the channel changes. Before the elimination, the system needs to preprocess the data because the collected phase of the CSI is folded due to the cyclic characteristic of the signal, Fig. 3 shows the phases from multiple packets. Specifically, when the phase of subcarrier decreases below −π, the value will jump to π and begin to decrease. So, the phase of the jumped subcarrier is significantly different from the phase of the previous subcarrier and the shift value is far greater than 2πϕ N . 1 There are in total 114 subcarriers with the bandwidth of 40 MHz in IEEE 802.11n/g protocol. 2 The CSI toolkit [31] measures the value of 30 subcarriers out of 114 and the IDs of subcarriers are −58, −54 ... 54, 58. Based on this observation, the extension of the phases from different subcarriers can be achieved. At last, by combining the extended phases, error elimination is accomplished and the results are shown in Fig. 4 .
E. MOTION TRAJECTORY RECONSTRUCTION
In this part, we will introduce how WiCatch utilizes the consecutive time samples to build the virtual antenna array and rebuild the motion trajectory.
In previous systems, in order to obtain a spectrum with higher resolution, the receiver usually employs a large antenna array to capture the signal. However, if our system uses an antenna array to capture the signal, this would require more receive antennas to complete the error elimination. Thereby, in order to avoid using a bulky antenna array while achieving a high accuracy, we have adopted a new idea which is contrast to traditional way. The key idea of the proposed algorithm is to treat the moving hand as an antenna array, as shown in Fig. 5 . According to the channel reciprocity, the consecutive time samples caught by receiver are corresponding to the successive spatial locations of the moving hand. Therefore, the signals collected by the system in time VOLUME 6, 2018 FIGURE 5. Virtual antenna array. In the traditional system shown in the first picture, in order to detect the direction of the incoming signal accurately, the receiver requires to be equipped with an antenna array to complete the spatial sampling of the signal. In our system, WiCatch samples the signals reflected from moving hands in time, and employs these series to replace the spatial samples to build the virtual antenna array.
are the same as the signal caught by antenna array in space. By leveraging this observation, WiCatch employs these samples to build a virtual antenna array and accomplishes the estimation. In order to obtain the movement information, the received signal power P (n, θ) in the θ direction at time n needs to be computed.
Therefore, the smooth MUSIC algorithm [36] , [37] is used to complete the received signal processing. For MUSIC, assume the received signal matrix is X and its conjugate transpose is X H , the key idea is that if the eigenvectors corresponding to the zero eigenvalue of X X H exist, they are orthogonal to the constructed steering matrix [36] . The previous work has proved that it is true if the matrix is full rank and the number of rows in the steering matrix is larger than the number of columns. In other words, the number of sensors needs to be greater than the number of signal propagation paths (For example, if there are five propagation paths while the array equipped with four antennas, then the MUSIC cannot find the right P (n, θ)). Therefore, in our system the number of sensors in virtual array is required to be larger than the number of propagation paths. Suppose k consecutive channel measurements 3 are X = c f 1 , c f 2 · · · c f k , MUSIC computes the correlation matrix of the received signals first
Next, the matrix is decomposed to obtain the eigenvalues and eigenvectors. Then, MUSIC divides the acquired eigenvector into two parts. The set E S [n] contains larger eigenvectors represents the signal subspace, which corresponds to the moving hands, as well as DC component. The set E N [n] contains smaller eigenvectors stands for the noise subspace corresponding to the noise component in the received signal. For instance, when two hands appear in the detection area, 3 To ensure that the algorithm can run efficiently, the number of sensors in the virtual array has to be greater than the number of propagation paths. There are 6-8 propagation paths in an indoor environment [38] . Considering that we use successive time sampling values instead of spatial sample values, only in a short period of time, the movement of the hands can be assumed to be uniform. Thus, in our system we set the k to 15. it would produce two main eigenvalues except for DC component. Based on this, the algorithm multiplies the constructed steering matrix with the noise subspace. When the steering matrix is orthogonal to the noise subspace, the product is close to zero (due to the imperfection of measurements in practice, they are not perfectly orthogonal). Finally, a clear spectrum with sharp peaks is obtained by taking the inverse. The angle that corresponds to maximum peak denotes the spatial angle of the signal. In more detail, MUSIC uses the following formula to detect the signal strength from each direction in the space
where a(θ, n) denotes the steering matrix and E N stands for the eigenvectors corresponding to noise subspace. For combating the coherent signals, system performs twodimensional smoothing on X X H before decomposition as shown in Fig. 6 . After smoothing, the matrix is divided into multiple overlapping sub-matrixes with size n < k and the first matrix is shown below
Then, these matrixes are summed up, so the X X H can be transformed into
Finally, the R smoothed is decomposed to obtain the signal subspace and noise subspace. In fact, the direction of motion can be estimated accurately only when the antenna spacing of virtual array is acuired. Based on the construction principle of the virtual array discussed above, the antenna spacing d = T × v, where T 4 is the sample period and v denotes the velocity of the hand. The sample period is a fixed value, but the speed of movement of the hand is usually unstable, which results in inaccurate estimation of d. For instance, when the velocity of gesture is set to v, the true velocity of gesture may be v = v + due to the unstable movement of hands in a short period of time. Thus, relative to the true velocity of gesture v , the steering matrix built in formula (13) can be expressed as 
where the λ is the signal wavelength. As can be seen from formula (16), when > 0 and the angle corresponding to the moving direction is less than zero, then the estimated θ will be larger than the true value. Similarly, if the angle corresponding to the moving direction is greater than zero, then the estimated θ will be smaller than the true value. At the same time, it will show the opposite result when < 0. Fig. 8 shows a typical experimental result. In this experiment, the tester holds his hand towards to the devices, sliding from the left of the device to the right as shown in Fig. 7 . Obviously, there are two lines can be seen from the result, one of which keeps stable along the time axis (corresponding to 0 degree) representing the DC component, another records the movement of the hand. As mentioned above, the interference elimination enables WiCatch to detect the minute changes caused by moving objects. However, due to the imperfect channel estimation during the interference elimination stage, a part of reflected signals cannot be eliminated completely, then they are recorded as the DC line.The movement of the hand is recorded in detail by another line whose angle changes along the time. It is obvious that when the hand moves closer to the devices, the value of angle is negative and its absolute value gradually decreases. When the hand arrives at the front of the devices, the value of angle equals to 0. During the phase of moving away from the devices, the value of angle appears to be positive and gradually increases. However, the imperfect estimated velocity of hand causes the underestimation or overestimation of angle, as marked with the red circles in Fig. 8 . In other words, the true velocity of the hand cannot be obtained, so the exact position of the hand cannot be estimated. But it does not prevent the system from tracking the relative movement of the hand and completing gesture recognition. It is worth noting that, in the smooth MUSIC algorithm, the estimated number of signal sources (corresponding to the number of eigenvalues with larger value) has a significant impact on the accuracy of the direction estimation. When there is an undervaluation (i.e., the estimated number is less than the actual number of signal sources), a part of the signals would spread into the subnoise space results in a lost of some real directions corresponding to the signals. At the same time, the diffusion makes the signal subspace and the noise subspace become non-orthogonal, so the estimated angle contains a large deviation. When there is an overestimation (i.e., the estimated number is greater than the actual number of signal sources), the noise would spread into the signal subspace and produce a pseudo-peak. This diffusion does not affect the orthogonality of the signal subspace and the noise subspace. Thereby, it can be ignored when SNR is strong enough [39] . To address this problem, our system employs Gerschgorin Disk Criterion (GDC) [39] to estimate the number of signal source and the result in Fig. 9 illustrates its effectiveness.
When GDC algorithm is utilized to estimate the number of signal sources, the DC component and the curve lines corresponding to the gesture are both clear through which the recognition can be accomplished easily. However, the outcome of estimation without GDC algorithm (set the number of signal source to a fixed value) is unsatisfactory as shown in Fig. 10 . As can be seen, the DC component and curve lines appear with large noise which would reduce the recognition rate.
F. SVM BASED RECOGNITION
Based on the obtained spectrum, a trained Support Vector Machine (SVM) classifier is used to complete the recognition. The key idea of SVM is to find an optimal separating hyperplane which can minimize the error in the cost function to widen the margin of the separating hyperplane [40] . When a set of training data D = (x i , y i ) |x i ∈ R d , y i ∈ {−1, +1} , i = 1, . . . , l are given, where x i is the ith attribute and y i denotes the corresponding label, SVM has to find a separating hyperplane which maximizes the smallest distance to the training data
In the proposed system, the attributes are extracted from the obtained spectrum. At every moment, a spectrum is stored as a vector. According to the data in the vector, the number of peak points and their locations are found. Then, we hold the values in these locations and set the rest values to be zero. Next, the processed vectors are arranged in time sequence to form a matrix. Finally, this matrix is resampled and fed to SVM. Each value in the resampled matrix is treated as an attribute. Without loss of generality, a decision function f (x) = sign(w * × x + b * ) needs to be constructed, such that f (x i ) > 0 for all i that y i = 1, and f (x i ) < 0 for all i that y i = −1. The processed data is always linearly inseparable, so we combine SVM with Radial basis function (RBF) kennel to complete the training [41] . Meanwhile, several SVM classifiers are put together to decompose the multi-class problem [42] in our system since SVM is a binary classifier in its simplest form.
IV. IMPLEMENTATION AND EVALUATION
In this section, we will describe the relevant experimental setup and analyze the result of our experiments. 
A. IMPLEMENTATION
The proposed system WiCatch contains a transmitter and a receiver both equipped with the Intel 5300 wireless NIC and CSI toolkit [31] , and the parameters setting is shown in Table I . As the Fig. 11 shows, the transmitter has an antenna and the receiver equipped with two antennas which are spacing with one wavelength. Meanwhile, in order to reduce the noise interference, we accomplish the experiments with the help of directional antenna at the transmitter. All the experiments are conducted in a typical indoor environment with the size of 33 square meters, surrounded with sofa, bookcase and other furniture. During the experiments, nine gestures shown in Fig. 11 are designed to verify the effectiveness of proposed system.
B. SPECTRUM ANALYSIS FOR HAND GESTURES
In this section, we analyze the results corresponding to nine test gestures and describe how WiCatch tracks the target. The experiments are conducted in a typical indoor environment and the tester completes the gestures in front of the devices as Fig. 11 shows. We set the central frequency to 5.745GHz and the channel measuring frequency is 400 Hz. During the experiment, the interference elimination algorithm and the smooth MUSIC are used to process the received data. Fig. 12 shows the results of nine basic test gestures. The spectrum (a), (b) and (c) in Fig. 12 show the results of two-hand gestures 'Boxing', 'Open the fridge' and 'Open the window'. As can be seen from the results, besides the DC component, two curves record the motion of both hands relative to devices respectively. The result of gesture 'Boxing' is shown as (a) in Fig. 12 . The curve with positive angles corresponding to the hand that moves away from the devices. As the hand moves further, the value of angle gradually increases. Another curve with negative angles represents the hand that moves closer to the devices. As the hand moves closer, the absolute value of the angle gradually decreases. The Fig. 12(b) shows that when the tester completes the gesture 'Open the fridge', the corresponding angles of curves are positive and gradually increase when hands move away from the devices. During the first 0.2 seconds, the two curves wrap together because two hands are too close with almost the same speed. With the movement of two hands, the differences in distance and speed become larger, thus curves gradually separate and record the movement of each hand respectively. The result of gesture 'Open the window' is shown in Fig. 12(c) . It can be seen clearly, two curves with negative angles represent two hands that move closer to the devices. As the hands move closer, the absolute value of angles gradually decrease.
The rest pictures show the results of single-hand gestures. As these figures show, in addition to the DC component, there is only one curve to record the motion trajectory of the hand. When the hand moves close to the devices, the corresponding angle is negative. As the hand moves away, the value of angle becomes positive. Fig. 13 is a spectrum of normalized data at time 0.35s of result (b) in Fig. 12 . As can be seen that 0 degree represents the DC component and the other two peaks represent the corresponding angles of the two moving hands. The amplitude of the DC component is low (i.e., low energy), indicating that the residual error in the channel estimation is small. The rest two sharp peaks with different angle values represent that both hands are moving away from the devices at different locations.
Based on the results shown above, one can draw some conclusions. First, when the hand is getting closer to the devices, its value of corresponding angle is negative, while a positive angle denotes that the hand is moving away. Second, the exact value of the angle is related to the orientation of the hand, the direction and the speed of movement. At the same time, the angle value will experience fluctuation when the hand moving with an unstable speed. Third, as the number of hands increases, it become tougher to distinguish two hands based on the curve lines. Because the residual noise would become stronger and the signals reflected from other parts such like arms are captured, it is more difficult to distinguish the gestures.
C. RECOGNITION ACCURACY ANALYSIS
In order to analyze the recognition accuracy of the system, a total of ten testers are asked to participate in the experiment. Everyone performs each gesture 200 times, and the recognition accuracy is counted. For comparison, we employ schemes in WiGeR [20] and WiG [21] to classify these nine test gestures and the results are shown in Fig. 14 'Wave hand', respectively. The system WiGeR can achieve an average recognition accuracy of 0.96 which is slightly lower than WiCatch. The system WiG can reach an average accuracy of 0.92 which is weaker than WiGeR. Overall, the proposed system has a higher accuracy for single-hand gestures recognition. For two-hand gestures 'Boxing', 'Open the fridge' and 'Open the window', our system can reach an average recognition accuracy of 0.95, 0.95 and 0.96.
The experimental results illustrate that our system can complete single-hand gestures recognition with a high accuracy. Moreover, it also has the ability to recognize two-hand gestures. The confusion matrices shown in Fig. 15 are built to evaluate our system. We can see from the matrices, for singlehand gestures, the average accuracy of our system is about 0.97 while the other two can reach 0.96 and 0.92, respectively. Moreover, for two-hand gestures, the average recognition accuracy of our system can reach 0.96, while WiGeR and WiG can reach 0.87 and 0.85 .
D. PARAMETER STUDY 1) IMPACT OF CHANNEL ESTIMATION FREQUENCY
In order to detect the moving hands, WiCatch needs to occupy the channels to transmit packets and obtain the channel measurement, which results in the interference to communication links. The packet transmission rate represents the channel estimation frequency, thereby, it is necessary to evaluate the performance of the system at different transmission rates. The default value of channel estimation frequency is 2048Hz and the collected series are resampled to 1024, 512, 256, 128Hz. Take the gesture 'Pull' as an example, the outcome is shown in Fig. 16(a) . As can be seen from the result, overall, the proposed system has a higher recognition accuracy at different channel estimation frequency. Specially, when the channel estimation frequency decreases to 128Hz, WiCatch can still maintain a high recognition accuracy of 0.96 comparing with 0.94 and 0.93 of WiGeR and WiG. Therefore, our system works more stable with a lower channel estimation rate which is significant for reducing the impact on the communication links.
2) IMPACT OF ANTENNA SPACING
The WiCatch is equipped with two receiving antennas to perform interference elimination. During this stage, these received packets from two antennas are used to obtain the channel ratio iteratively. For the detection, we fuse the data from antennas to complete the moving trajectory reconstruction. Thus, the antenna spacing will affect these two phases and finally influence the recognition accuracy. Actually, when system is running, the antenna spacing needs to be relatively small comparing to the range of action. For instance, when completing a larger behavior detection (for example, the passive individual tracking), the antenna spacing can be increased appropriately, but it still needs to be within a certain range. Therefore, the performance of the system is evaluated with different antenna spacing. In this test, the antenna spacing is increased from half-wavelength to 6 times of wavelength and the recognition accuracy is shown in Fig. 16(b) . From the result, it can be seen when spacing is 1.5λ, the accuracy reaches the highest point. As spacing increases, the overall estimation accuracy decreases slightly and hits the lowest valley when spacing reaches 5.5λ. However, WiCatch can reach an average accuracy of 0.95 which is quite acceptable.
3) THE IMPACT OF DETECTION RANGE
In order to evaluate the monitoring range of the system, the tester is required to complete nine gestures at distances 0.5m, 1m, 1.5m, 2m and 2.5m. As a comparison, WiG and WiGR are employed to process the same data and the results are shown in Fig. 16(c) . As can be seen in Fig. 16(c) , with the increase of the distance, the recognition accuracy of WiCatch declines slightly, but it still can reach an impressive average accuracy of 0.96. While both WiG and WiGR can only achieve 0.95. Overall, WiCatch operates more stable and due to the stronger ability of two-hand gestures detection, its average recognition accuracy is higher than other two systems.
4) IMPACT OF CENTRAL FREQUENCY AND BANDWIDTH
The signal at different frequencies has different ability of penetrating and reflecting. Furthermore, the bandwidth of the signal also affects the sensing of the wireless channel. Therefore, in order to analyze the impact of frequency and bandwidth on the system, we conduct experiments at the 2.4GHz and 5.7GHz combining with the bandwidth of 20MHz and 40MHz. The test results of 2.4GHz are shown as (a) and (b) in Fig. 17 . Obviously, there is too much noise in the spectrum which makes the curve that relates to the movement and DC component hard to recognize. The fundamental reason is that the wireless channels at 2.4GHz are occupied by a large number of commercial wireless devices, resulting in the loss of packets during the channel measuring. Therefore, the time interval between every two measured values in the sliding window is elusive which causes random changes in antenna spacing (possibly greater than half of wavelength), and finally From the results, we observe that signals at 2.4G and 5.7G with 20MHz bandwidth are not suitable for recognition because of the residual phase error. Also, 2.4G is seriously affected by Wi-Fi signal which makes the spectrum tough to recognize. However, the system works stable when we choose to complete the estimation at 5.7G with a bandwidth of 40MHz.
V. CONCLUSION AND FURTHER WORK
In this paper, we propose the WiCatch, a device free gesture recognition system based on channel state information. First, the system fuses the data from different antennas to eliminate the interference. Then, our system captures the signals reflected from the hands and virtualizes the moving hands as the antenna arrays to complete the relative VOLUME 6, 2018 motion trajectory estimation. Finally, the gesture recognition is completed through classifying the motion trajectory based on SVM. Experimental results show that WiCatch can achieve an overall recognition accuracy of 0.95. Specially, for two-hand gestures, the accuracy can reach 0.94, which makes our system more universal and robust than the existing systems. In the future work, we will take full advantages of the two-hand gestures recognition and expand our system to classify more sophisticated gestures. Furthermore, to explore the potential of the system in smart home, we will extend the system to other fields, for example, indoor high-precision individual passive tracking and human behaviors detection such as walking, running and jumping. 
